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Brightness temperatureThe Soil Moisture and Ocean Salinity (SMOS) mission has the potential to improve the predictive skill of land
surface models through the assimilation of its observations. Several alternate products can be distinguished:
the observed brightness temperature (TB) data at coarse scale, indirect estimates of soil moisture (SM) through
the inversion of the coarse-scale TB observations, and fine-scale soil moisture through the a priori downscaling of
coarse-scale soil moisture. The SMOS TB products include observations over a large range of incidence angles at
both H- and V-polarizations, which allows themerit of assimilating the full set of multi-angular/polarization ob-
servations, as opposed to specific sub-sets of observations, to be assessed. This study investigates the perfor-
mance of various observation scenarios with respect to soil moisture and streamflow predictions in the
Murray Darling Basin. The observations are assimilated into the Variable Infiltration Capacity (VIC) model,
coupled to the Community Microwave Emission Modeling (CMEM) platform, using the Ensemble Kalman filter.
The assimilation of these various observation products is assessed under similar realistic assimilation settings,
without optimization, and validated by comparison of themodeled soil moisture and streamflow to in situ mea-
surements across the basin. The best results are achieved from assimilation of the coarse-scale SM observations.
The reduced improvement using downscaled SM is probably due to a lower number of observations, as a result of
cloud cover effects on the downscaling method. The assimilation of TB was found to be a promising alternative,
which led to improvements in soil moisture prediction approaching those of the coarse-scale SM assimilation.
© 2015 Elsevier Inc. All rights reserved.1. Introduction
Over land, the Soil Moisture and Ocean Salinity (SMOS) mission has
the objective to provide global estimates of surface soil moisture (SM)
with a sufficient accuracy and spatio-temporal coverage in order to
advance hydro-meteorological science andwatermanagement applica-
tions. A large number of studies have validated SMOS soil moisture
retrievals from regional to global scales (Pan et al., 2012), (Wigneron
et al., 2012), (Mecklenburg et al., 2012), (Jackson et al., 2012), (Al
Bitar et al., 2012), (Albergel et al., 2012), (Su, Ryu, Young, Western,
and Wagner, 2013), (Leroux, Kerr, Richaume, and Fieuzal, 2013),
(Leroux et al., 2014), (Rahmoune et al., 2014), (Al-Yaari et al., 2014b),ssimilation of SMOS soil moi
//dx.doi.org/10.1016/j.rse.201(Djamai et al., 2015), (Louvet et al., 2015), generally revealing accurate
estimates of the near surface soil moisture content. The latter are of par-
ticular relevance for understanding the hydrologic cycle, since the near
surface soil moisture has a dominant influence on the partitioning of
precipitation into infiltration, runoff and evaporation. Consequently,
SMOS observations hold a large potential for improving the skill of
land surface model (LSM) predictions through data assimilation (DA).
The usefulness of SMOS observations for land data assimilation has
meanwhile been demonstrated in a number of studies, e.g. (Wanders,
Karssenberg, de Roo, de Jong, and Bierkens, 2014), (Ridler, Madsen,
Stisen, Bircher, and Fensholt, 2014), (Lievens et al., 2015b) for improved
soil moisture and streamflow predictions, and (Martens et al., in press)
for improved evaporation estimates.
Despite the previous studies, the assimilation of SMOS observations
presents a number of challenges. More specifically, the observations aresture and brightness temperature products into a land surface model,
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(Wood et al., 2011), (Sahoo, De Lannoy, Reichle, and Houser, 2013),
(Verhoest et al., 2015). Either the DA algorithm will have to account
for this spatial mismatch (Reichle, De Lannoy, Forman, Draper, and
Liu, 2014), or the satellite products will have to be downscaled a priori
(Merlin et al., 2012), (Merlin et al., 2013), (Verhoest et al., 2015). Fur-
thermore, SMOS provides indirect estimates of soil moisture, obtained
by the inversion of observed brightness temperatures (TB) through a
radiative transfer model (RTM). A direct assimilation of TB observations
into an LSM is possible after coupling an RTM as observation operator to
the LSM (Balsamo, Mahfouf, Belair, and Deblonde, 2006), (Han et al.,
2013), (De Lannoy, Reichle, and Pauwels, 2013), (Reichle et al., 2014),
(Han, Hendricks Franssen, Montzka, and Vereecken, 2014), (De
Lannoy & Reichle, in review). Furthermore, the SMOS satellite observes
brightness temperatures over a range of incidence angles, both at H-
and V-polarization. As such, the TB assimilation can exploit the full
set of multi-angular/polarization observations, or may only address a
specific sub-set. The potential of the coarse or fine-scale soil moisture,
or single ormulti-angular/polarization brightness temperature observa-
tions, has not been assessed with respect to land data assimilation
applications.
The present paper is complementary to (Lievens et al., 2015b),
which focuses on the assimilation of a single SMOS observation type,
i.e. coarse-scale SM retrievals, with different bias-correction strategies.
The objectives of this study are to investigate the potential of assimilat-
ing SMOS data, either as downscaled soil moisture, coarse-scale soil
moisture retrievals or brightness temperature products, into the Vari-
able Infiltration Capacity (VIC) land surface model (Liang, Lettenmaier,
Wood, and Burges, 1994), (Liang, Wood, and Lettenmaier, 1996),
(Liang, Wood, and Lettenmaier, 1999), and to provide recommenda-
tions on the assimilation strategy to improve hydrologic simulations
of soil moisture and streamflow. Themerit of the assimilation is studiedFig. 1. TheMurray Darling Basin, with illustration of the river network and the locations of the s
and the locations where soil moisture simulations were validated.
Please cite this article as: Lievens, H., et al., Assimilation of SMOS soil moi
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Murray Darling Basin, Australia. Finally, advantages and limitations of
the different strategies are discussed, both with respect to technical im-
plementation and performance.
2. Data and methods
2.1. The Murray Darling Basin
The Murray Darling Basin (Fig. 1) covers an approximate 1
million km2 area in East Australia. The basin holds a large range of cli-
matic conditions, including semi-arid and arid Western Plains, temper-
ate areas in the south-east, subtropical areas in the far north, humid
eastern uplands, and alpine country in the Snowy Mountains and
Australian Alps, both forming part of the Great Dividing Range. Al-
though the largest portion of the basin is prone to semi-arid conditions,
floods occur relatively frequent, often consequent to heavy rainfall
events in combination with high antecedent soil moisture conditions.
Given its wide range in climatic conditions, the occurrences of floods
and droughts, and the availability of an extensive in situ soil moisture
and streamflow dataset, the basin offers an excellent case for the valida-
tion of LSM simulations.
Soil moisture is monitored in theMurrumbidgee River Catchment, a
sub-basin in the south-east of the Murray Darling. The OzNet (Smith
et al., 2012) network consists of 62 stations, locatedmainly in grassland
and cropland regions. The stations are equipped with either Campbell
Scientific probes measuring over a depth interval of 0–8 cm or Stevens
Hydraprobes measuring over an interval of 0–5 cm. Based on a quality
control, 49 stations were selected, for which hourly processed data
were available for the years 2010–2011. The data were linearly
averaged over the 0.125° grid adopted by the LSM, resulting in 21 SM
validation sites (shown in the inset of Fig. 1). Daily streamflow recordstreamflow gauge stations. The inset shows the land cover of theMurrumbidgee sub-basin
sture and brightness temperature products into a land surface model,
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able through theAustralian Bureau ofMeteorology. Onlymeasurements
from stations without known dam regulations were used. The stations
are mainly located in the Eastern portion of the basin (Fig. 1).
2.2. SMOS observations
2.2.1. Level 3 brightness temperature
SMOS has been routinely providing global TB observations since
2010 with a repeat period of ~3 days (Kerr et al., 2012). This study
uses the Level 3 CATDS (Centre Aval de Traitement des Données
SMOS) brightness temperature product (Jacquette et al., 2010) version
244. The latter is a global daily product, in which the ~43 km-
resolution observations are projected onto a ~25 km cylindrical EASE
(Equal Area Scalable Earth) grid in ground reference (H and V) frame.
The level 3 TB data are multi-angular, comprising angle-bins (per 5 ∘)
from17.5 ∘ to 52.5 ∘. The TBdatawere processed over theMurrayDarling
Basin from January 1, 2010 to December 31, 2011, i.e. the period for
which soil moisture and streamflow validation data are available. As
detailed in (Lievens et al., 2015a), the processing included a filtering
of the data affected by snow or frozen soil conditions, high (N0.2)
radio frequency interference (RFI) probabilities, and significant (N0.1)
urban or open water land cover fractions.
To assess the skill of the multi-angular/polarization observation
strategy of SMOS in an assimilation framework, three specific TB con-
figurations were tested: (1) observations over 8 angle-bins in the
range 17.5∘–52.5∘ at both H- and V-polarization, (2) a subset of the
previous configuration including only observations at 42.5 ∘ in H- and
V-polarization, and (3) a subset with observations at 42.5 ∘ including
only H-polarization. These are referred to as TB Θ ,HV, TB 42.5∘ ,HV and
TB 42.5∘ ,H, respectively.
2.2.2. Level 3 coarse-scale soil moisture
Corresponding Level 3 CATDS soil moisture retrievals were also
extracted over the years 2010–2011. Similar to the TB data, the soil
moisture retrievals were screened for snow and frozen soil conditions,
RFI and urban or openwater land cover fractions and filtered according-
ly. Even though the actual resolution of SMOS is ~43 km, the level 3
CATDS retrievals presented on a 25 km grid are referred to as the
coarse-scale soilmoisture (SMc) product for the remainder of this study.
2.2.3. Level 4 fine-scale soil moisture
The level 4 fine-scale soil moisture data were produced through
the DisPATCh (Disaggregation based on Physical And Theoretical scale
Change) downscaling algorithm (Merlin et al., 2012), (Merlin et al.,
2013), specifically developed for SMOS. It relies on thermal infrared
data collected at medium (1 km) and high (b100 m) resolution by
MODIS Terra/Aqua and LANDSAT, respectively. The algorithm is based
on the reasoning that evaporation can induce a strong coupling of
the surface skin temperature with surface soil moisture. Based on a
semi-empirical evaporationmodel, the fine-scale temperature observa-
tions can be converted into soil evaporative efficiency, which can subse-
quently be used for downscaling the SMOS soil moisture through a first-
order Taylor series expansion. The product used in this study (version
sm1k3d) is based on 1-km resolutionMODIS data collected on 3 consec-
utive days (centered on the day of the SMOS observation), to estimate
the evaporative efficiency. The 1-km soil moisture data were upscaled
by linearly averaging over the 0.125 ∘ VIC grid. The screening of the
data was performed similarly to that of the coarse-scale soil moisture
and brightness temperature data. The fine-scale soil moisture data
used for assimilation are further referred to as SMf.
As the disaggregation is based on infrared remote sensing observa-
tions, the algorithm is affected by cloud conditions. When clouds
obscure the satellite signal, the downscaling cannot be performed. Con-
sequently, there is a significant number of gaps in the SMf product,
which may potentially affect the impact of the assimilation due to aPlease cite this article as: Lievens, H., et al., Assimilation of SMOS soil moi
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observation product was generated in which the coarse-scale SMc
data have been cross-maskedwith the SMf data. This product is referred
to as the SMc,m product. The cross-masking preserved only coarse-scale
observations when corresponding downscaled observations were
available for more than half of the number of underlying fine-scale
grid cells.2.3. Model framework
2.3.1. Variable Infiltration Capacity model
The LSM used in this study is the Variable Infiltration Capacity (VIC)
model. A detailed description of the model setup and calibration over
the Murray Darling Basin can be found in (Lievens et al., 2015b), while
a short summary is given here.
VIC is a semi-distributed LSM accounting for both the water and
energy balances. The model was implemented to perform hourly simu-
lations of soil moisture, runoff and baseflow at a grid resolution of
0.125 ∘. Each grid cell is statistically subdivided into tiles that represent
different land covers. The tiles are composed of a single canopy layer
and three soil layers. The canopy layer controls the interception of
precipitation as a function of the leaf area index (LAI) according to a
biosphere-atmosphere transfer scheme (Dickinson, Henderson-Sellers,
Kennedy, and Wilson, 1986). The first two soil layers determine the
partitioning of precipitation into surface runoff and infiltration through
the variable infiltration capacity curve (Zhao, Zang, Fang, Liu, and Zhang,
1980) and thus capture the dynamic response to the non-intercepted
precipitation. The soil moisture from the second layer drains to the
third layer as a function of the hydraulic conductivity (Brooks and
Corey, 1964), and controls the generation of baseflow via a non-linear
recession curve. The first soil layer represents the top 10 cm of the soil
column, whereas the second and third layer have a variable thickness
which is typically calibrated. To convert the hourly grid-based simula-
tions of runoff and baseflow to simulations of streamflow at the loca-
tions of the gauge stations, VIC was coupled to a simple off-line linear
routing model (Lievens et al., 2015b).
The VIC model was calibrated over the Murray Darling region based
on streamflow observations over the period 2005–2010. Finally, the
model was run for the years 2009 to 2011, where the year 2009 served
as a spin-up period. Note that the year 2010 was thus included both in
the calibration and validation period. As explained in (Lievens et al.,
2015b), this was necessary given that 2010 was considerably wetter
compared to the previous years. The Murray Darling basin experienced
a Millenium drought with a return to wetter conditions, including
significant flood events, in 2010. The inclusion of 2010 in the validation
period was found to be necessary since many of the soil moisture and
streamflow in situ measurements were only available for the year
2010 and part of 2011.
The meteorological forcing data were taken from the hourly 1/2∘
latitude by 2/3∘ longitude MERRA (Modern-Era Retrospective Analysis
for Research and Applications) data set (Rienecker et al., 2011). The
precipitation field was bias-corrected using the BAWAP (Bureau of
Meteorology — Australian Water Availability Project) data set (Jones,
Wang, and Fawcett, 2009), which is a gridded assembly of gauge mea-
surements provided at 5 km resolution. The soil input data, such as tex-
ture, bulk density and saturated hydraulic conductivity, were sourced
from the 0.1 ∘ Australian Soil Resource Information System (ASRIS)
(McKenzie, Jacquier, Maschmedt, Griffin, and Brough, 2012). The land
cover data were extracted from the global 1-kmUniversity of Maryland
(UMD) data set (Hansen, Defries, Townshend, and Sohlberg, 2000),
whereas LAI was taken from the 8-day composite MODIS level-4
(MOD15A2) data set with 1-km spatial resolution (Knyazikhin et al.,
1999). It is important tomention that theMODIS datawere reprocessed
to monthly climatological data per land cover tile within each of the
0.125 ∘ grid cells.sture and brightness temperature products into a land surface model,
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To accommodate the assimilation of brightness temperature
observations, VIC was coupled to an RTM. The RTM used modules
from the CommunityMicrowave EmissionModelling (CMEM) platform
(Holmes, Drusch, Wigneron, and de Jeu, 2008), (Drusch, Holmes, de
Rosnay, and Balsamo, 2009), (de Rosnay et al., 2009) version 4.1,
which is a general implementation of the τ−ω model (Jackson,
Schmugge, and Wang, 1982). CMEM was run for each VIC vegetation
tile, to simulate the top of atmosphere (TOA) TB at both H- and V-
polarization and incidence angles corresponding to the angle-bins of
the SMOS observations, i.e. from 17.5 ∘ through 52.5 ∘ (each 5 ∘). The
dynamic input to CMEM mainly consisted of the VIC soil moisture
(first layer) and soil temperature (skin and third layer). The soil param-
eters, land cover and LAI used in CMEMwere the same as those used for
the associated VIC tile. Finally, the simulated TBs at each tile were aver-
aged per VIC grid cell withweights depending on the tile cover fractions
within each grid cell.
CMEM has a modular structure, allowing for different parameteriza-
tion options to model the respective emissivity contributions from the
atmosphere, soil, and vegetation. In general, the options selected for
this study revert to the L-band Microwave Emission of the Biosphere
(L-MEB) formulation by (Wigneron et al., 2007). A detailed description
of themodule settings used for this study can be found in (Lievens et al.,
2015a).
2.4. Data assimilation framework
The DA algorithmused the Ensemble Kalman Filter (EnKF, (Evensen,
1994)). The state vector contains the soil moisture content of the two
upper layers, the temperature of the skin surface, and the temperature
of the three soil layers, for each land cover tile and each VIC grid cell lo-
cated inside the SMOS grid cell. For each of these land cover tiles the
state vector can be written as:
x̂i; ft;g;k ¼ θi1 θi2 Ti0 Ti1 Ti2 Ti3
h i f
t;g;k
: ð1Þ
In this equation, the : ̂ indicates an estimate of the system state. The
superscript i is the ensemble member, whereas f stands for the model
forecast. The subscript t denotes the tile, g the model grid cell, and k
the time step. x ̂
i; f
t;g;k thus stands for the ith realization of the forecast
state vector for tile t and model grid cell g at time step k. θli denotes
the SM forecast for layer l. Similarly, Tli is the temperature forecast for
layer l, with l=0 representing the surface skin. The motivation for in-
cluding thefirst and second layer SM in the state vector is that the runoff
generation in VIC is a function of the total SM in the first two layers. In-
clusion of the second layer is crucial, as it generally dominates the total
SM content and consequent runoff fluxes due to its larger layer thick-
ness. The third layer SM was not updated as the SMOS observations
do not contain information about this layer, and updating of the layer
was found to cause stability problems in the baseflow simulations by
VIC.
The collection of state variables within a SMOS observation grid cell
area is written as:
x̂i; fk ¼ x̂i; f1;1;k x̂i; f2;1;k ::: x̂i; fnt ;1;k x̂
i; f
1;2;k x̂
i; f
2;2;k ::: x̂
i; f
nt ;2;k ::: x̂
i; f
1;ng ;k x̂
i; f
2;ng ;k ::: x̂
i; f
nt ;ng ;k
h iT
;
ð2Þ
where nt and ng are the number of land cover tiles within the VIC grid
cell and the number of VIC grid cells underlying the SMOS grid cell, re-
spectively. The superscript T stands for the transpose operator.
In the EnKF the state update equation is given by:
x̂i;ak ¼ x̂i; fk þ Kk yk−ŷik þ vik
h i
: ð3ÞPlease cite this article as: Lievens, H., et al., Assimilation of SMOS soil moi
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ensemble member i. vki is a random realization of the observation
error, and Kk is the Kalman gain. yk and ŷ
i
k are the vectors of observa-
tions and observation predictions, respectively. The relationship be-
tween the observations and the state variables, commonly referred to
as the observation system, is written as:
ŷik ¼ hk x̂i; fk
 
; ð4Þ
where the observation operatorhkmaps the state variables onto the ob-
servation space.
Three different assimilation strategies were applied in this paper,
each with a different observation type. The first and simplest way is
the assimilation of downscaled soil moisture products (SMf). This case
corresponds with the 1D-F1 filter (De Lannoy et al., 2010), where one
fine-scale observation is assimilated per corresponding fine-scale
model grid cell. Here, the predicted observation y ̂ is the weighted sum
of surface soil moisture over all land cover tiles within the model grid
cell. The model and observation grids are exactly the same, i.e. ng in
Eq. (2) is equal to one. The observation system is in this case a linear op-
erator that can be written as:
ŷik ¼ f 1 O5 f 2 O5 ::: f nt O5
   x̂i; f1;1;k x̂i; f2;1;k ::: x̂i; fnt ;1;k
h iT
; ð5Þ
with ft the fraction of land cover tile twithin the VIC grid cell, and O5 a
vector with five zeros. The zeros in this vector assume that the second
layer SM and the temperature profile do not significantly contribute to
the simulation of the SMOS observation.
The second strategy is the assimilation of the coarse-scale soil mois-
ture products (SMc). In this case the grid spacing of the observations
(25 km) differs from the model resolution (0.125 ∘), through which a
single SMOS grid cell covers multiple VIC grid cells, typically between
2 and 6. This case corresponds with the 3D-C1 filter (De Lannoy et al.,
2010), where one coarse-scale observation is used to update the under-
lying fine-scale model grid cells. Here, the predicted observation ŷ
equals the weighted sum of surface soil moisture over all model grid
cells within the coarse-scale SMOS grid cell. To account for the fact
that model grid cells near the center of the SMOS grid cell contribute
more to the observed signal than model grid cells further away from
the center, the weighting takes into account the SMOS antenna
weighting function. The observation system is linear in this case as
well, and can be written as:
y^ik ¼ w1 w1 ::: w1 ::: wng wng ::: wng
 
∘
F1;1 F2;1 ::: Fnt ;1 ::: F1;ng F2;ng ::: Fnt ;ng
h i

x^i; f1;1;k x^
i; f
2;1;k ::: x^
i; f
nt ;1;k ::: x^
i; f
1;ng ;k x^
i; f
2;ng ;k ::: x^
i; f
nt ;ng ;k
h iT
;
ð6Þ
where  is the elementwise (Hadamard) product, and Ft ,g the vector
with the fractions ft ,g of land cover tile t in grid cell g:
Ft;g ¼ f t;g O5
h i
: ð7Þ
The weights wg are extracted (and normalized to a sum of 1) from
the mean SMOS antenna weighting function (Kerr et al., 2011).
The third assimilation strategy also corresponds with the 3D-C1
filter, but, it uses the coarse-scale brightness temperatures as measured
by the satellite, without prior inversion into soil moisture values.
The observation vector yk may comprise the full set of brightness tem-
peratures at incidence angles Θ∈ {17.5∘ :5∘ :52.5∘} and polarizations
p∈{H,V}, or a sub-set thereof. To simulate the brightness temperatures,
the observation system needs to embed the radiative transfer modelsture and brightness temperature products into a land surface model,
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ger linear and can be written as:
y^ ik ¼ w1;1;k;17:5∘ ;H w2;1;k;17:5∘ ;H ::: wnt ;ng ;k;Θ;p
h i

c x^i; f1;1;k;17:5
∘;H
 
c x^i; f2;1;k;17:5
∘;H
 
::: c x^i; fnt ;ng ;k;Θ; p
 h iT
; ð8Þ
where c

x̂i; ft;g;k;Θ;p

is the RTM applied to the state vector x̂i; ft;g;k at inci-
dence angle Θ and polarization p. The weights wt ,g ,k ,Θ ,p are based on
the area of each tile and the distance from the observation center, as
given by the angular-dependent antenna pattern, which is a function
of the satellite azimuth and incidence angles, and the footprint axis
(Kerr et al., 2011).
The KalmanGainKk in Eq. (3) can be calculated based on the ensem-
ble statistics (Reichle, McLaughlin, and Entekhabi, 2002), (Pauwels and
De Lannoy, 2009) as:
Kk ¼ Cov x̂ fk ; ŷk
 
Cov ŷk; ŷkð Þ þ Rk½ −1; ð9Þ
whereCov

x̂ fk ; ŷk

is the ensemble error covariancematrix between the
state and observation forecasts, Covðŷk; ŷkÞ is the error covariance ma-
trix between the observation forecasts, and Rk the observation error co-
variance matrix.
2.5. Bias correction
Bias-blind data assimilation requires unbiased observations and
forecasts. However, remote sensing observations often reveal a different
climatology, i.e. long-term mean and variability, compared to model
simulations (Reichle, Koster, Dong, and Berg, 2004), (Verhoest et al.,
2015). With regard to SM retrievals, this may be due to the fact that
the observations represent a coarser horizontal (~40 km) and shallower
vertical (b5 cm) spatial extent in comparison to model simulations
(Wilker, Drusch, Seuffert, and Simmer, 2006), (Escorihuela, Chanzy,
Wigneron, and Kerr, 2010), (Sahoo et al., 2013). For example, the
SMOS L3 soil moisture retrievals were found to be systematically drier
compared to model simulations of the European Centre for Medium
Range Weather Forecasts (ECMWF) Land Data Assimilation System
(LDAS) (Al-Yaari et al., 2014a) and MERRA-Land (Al-Yaari et al.,
2014b). Climatological differences may become evenmore pronounced
at the TB level (Kornelsen, Cosh, and Coulibaly, 2015), where vegeta-
tion and temperature dynamics have a profound impact on the vari-
ability from sub-daily over seasonal to inter-annual time-scales. A
common practice is to correct for biases prior to the assimilation.
Often, corrections are restricted to the first-order moment (the long-
term mean), e.g. (Sahoo et al., 2013). Other studies extend to a correc-
tion of the second-order moment (the standard deviation), e.g. (Crow,
Koster, Reichle, and Sharif, 2005), (Kumar et al., 2012), (Dumedah and
Walker, 2014), or to higher-order moments (the distribution) through
CDF-matching, e.g. (Reichle and Koster, 2004), (Martens et al., in
press). Recently, more comprehensive methods were evaluated, such
as the correction of multiplicative biases (Kornelsen and Coulibaly,
2015), biases at the anomaly level or at multi-temporal scales
(Su, Ryu, Crow, andWestern, 2014), (Su and Ryu, 2015), or triple collo-
cation (Yilmaz and Crow, 2013). Nevertheless, compelling evidence of
an optimal method over a large range of conditions is still lacking.
The baseline bias-correction method selected for this study is CDF-
matching. The CDF-matching aims at correcting the entire innovation
bias, i.e. without distinction between biases in observations and obser-
vation predictions. The bias-correction through CDF-matching also
averts the assimilation from modifying the climatology of the simula-
tions, and therefore corrects for random errors only. Moreover, it has
the potential to work adequately with different observation types. The
CDF-matching was performed on a pixel-by-pixel basis using the non-Please cite this article as: Lievens, H., et al., Assimilation of SMOS soil moi
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Thereby, SMOS observations of SM or TB were rescaled to the distribu-
tion of the simulations via their corresponding cumulative probabilities.
The data set for the years 2010–2011 was used both for the calculation
andmatching of the CDFs. The bias-correction and assimilationwere re-
stricted to pixels having more than 30 data pairs.
The bias-correction posed specific requirements depending on
the observation type to be assimilated. The most simple case is the as-
similation of downscaled soil moisture (SMf). In this case, the model
and observation grids with 0.125 ∘ resolution match, which facilitates
a direct pixel-by-pixel CDF-matching. The coarse-scale SMc assimilation
required an upscaling of themodel simulations to the scale of the obser-
vations through the weight vector. Consequently, the bias-correction
through CDF-matching is applied at the coarse-scale observation grid.
Themost complex case regards the TB assimilation, forwhich the obser-
vation operator embeds the RTM. In this case, the TB-bias isminimized a
priori through optimizing the forward simulations, as explained in
(Lievens et al., 2015a). The bias mitigation for the TB assimilation com-
prises a first bias-correction step of the VIC SM simulations, i.e. CDF-
matching to the SMOS retrievals. This was found to be necessary as
(1) the largest part of biases in TB were caused by a different SM clima-
tology between the model and SMOS retrievals, (2) it allows for using
RTM parameters that are consistent with those used by the operational
SMOS processor, (3) it allows for a realistic assessment of the SMOS TB
observation error. In a second step, the RTM parameters were calibrat-
ed, as detailed in (Lievens et al., 2015a). Steps 1 and 2 significantly re-
duce biases at the basin scale, however, regional biases may still be
present due to biases in temperature, erroneous soil or vegetation char-
acterization, or shortcomings in the model structure or physics. The
third step involves the pixel-based CDF-matching of the SMOSTB obser-
vations to themodel simulations. Thereby, separate CDFswere calculat-
ed for the 8 angular bins, H- and V-polarizations, and ascending and
descending orbits, which may reveal different statistics (Lievens et al.,
2015a). It is important tomention that the TB assimilation thus involves
two CDF-matching steps: (1) a rescaling of the simulated soil moisture
prior to generating TB observation predictions, used in both the Kalman
gain and innovation calculation and (2) a rescaling of the observed
SMOS TB to ultimately obtain unbiased innovations.
2.6. The forecast and observation errors
To characterize the forecast error, an ensemble of model runs was
performed, where the number of stochastic realizations was set to 32
(Reichle and Koster, 2003). A detailed description of the ensemble gen-
eration is provided in (Lievens et al., 2015b). Consequently, only a brief
summary is provided in this paper. The ensemble generationwas based
on the multiplicative perturbation of model forcings and parameters
with random white noise (Turner, Walker, and Oke, 2008). The model
forcings being perturbed are precipitation and shortwave radiation.
The perturbed model parameters were the bulk density and the expo-
nent of the Brooks-Corey relationship in VIC, and the optical depth (τ)
and scattering albedo (ω) for tall vegetation types (forests) in CMEM.
These parameters have been selected based on sensitivity analyses
with VIC and CMEM (data not shown). Furthermore, spatial correlation
has been introduced in both the forcing and parameter perturbations.
The correlation between adjacent 0.125 ∘-pixels was assumed to be
0.5, which corresponds with an auto-correlation length of 0.180 ∘ in an
exponential correlation function. The introduction of spatially correlat-
ed perturbations ensured the generation of coherent forecast errors,
which are physically more realistic. The fine-scale SM forecast error
standard deviation was characterized by a spatio-temporal average of
0.047 m 3/m 3. Relatively larger errors were found in areas subjected
to significant precipitation, such as the Australian Alps in the southeast
of the basin. The corresponding fine-scale TB forecast error standard de-
viation was on average 20.0 K for H-polarization and 14.6 K for V-
polarization, with higher values over short vegetation caused by thesture and brightness temperature products into a land surface model,
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not perturbed for short vegetation types, given the sufficient spread in-
duced by soil moisture variability.
The observation errors for the different scenarios were specifically
tailored to the observation error of the coarse-scale SM data. The obser-
vation error standard deviation σR ,SMc for the coarse-scale SM assimila-
tion is based on the following model (Lievens et al., 2015b):
σR;SMc ¼ aSM þ bSMDQXþ cSMFFO; ð10Þ
with DQX (m 3/m 3) the soil moisture retrieval convergence (Kerr et al.,
2011), and FFO (−) the fraction of the SMOS grid cell covered by forest.
The parameters aSM=0.02, bSM=0.5 and cSM=0.02 specify the contri-
butions of representativeness errors (e.g. due to differences in spatial
support), errors of the retrieval model, and errors due to tall vegetation,
respectively. For the given set of parameters, the coarse-scale SM obser-
vation error ranges from 0.02 to 0.075 m 3/m 3, which corresponds well
to estimates of retrieval errors in Southeast Australia (Su et al., 2013).
For a large number of in situ stations within the Murrumbidgee Basin,
error estimates ranged from approximately 0.02 m 3/m 3 to 0.1 m 3/m 3,
with an average of 0.049m 3/m 3 for ascending and 0.043m 3/m 3 for de-
scending orbits.
The coarse-scale observation error σR , SMc was adjusted for the
downscaled soil moisture assimilation σR ,SMf, as the error is typically
related to the spatial scale of the observations. Assuming no auto-
correlation between adjacent pixels, the disaggregation of a coarse-
scale pixel into nd fine-scale pixels theoretically increases the error as:
σ2R;SMc ¼
1
nd
 2
Σndi ¼ 1σ
2
R;SMf ;i ⇒ σR;SMf ¼
ffiffiffiffiffi
nd
p
σR;SMc : ð11Þ
However, in the case that the surface field shows auto-correlation,
the fine scale observation error derived from Eq. (11) will be
overestimated. Therefore, a synthetic experiment was carried out to in-
vestigate the appropriate rescaling in the case of auto-correlation. In this
experiment, an auto-correlated field with a correlation length of 0.180 ∘
(equal to the one assumed in the characterization of the model error)
and predefined standard deviation was generated. Subsequently, the
field was aggregated over nd pixels, after which the standard deviation
was again calculated. As such, the ratio of the fine- and coarse-scale
standard deviations can be used instead of the factor
ffiffiffiffiffi
nd
p
in Eq. (11)
to rescale the observation error for the downscaled SMwith incorpora-
tion of spatial error correlation. Table 1 shows these standard deviation
ratios for thedifferent levels of disaggregationwhich occurwhen down-
scaling the 25 km SMOS grid cells to the 0.125 ∘ VIC grid. For instance,
the disaggregation of a SMOS grid cell to 2 by 2 cells (nd = 4) reduces
the factor
ffiffiffi
4
p
¼ 2 to a standard deviation ratio of 1.427 when including
spatial error correlation.
The observation error for the brightness temperature is theoretically
composed of the radiometric error of the instrument and a representa-
tiveness error, accounting for errors in the RTM and a differentTable 1
The
ffiffiffiffiffi
nd
p
and the ratio of the fine-scale (σR,SMf) over the coarse-scale (σR,SMc) observation
error standard deviation. These can be used for the calculation of the downscaled SM ob-
servation error, when neglecting or accounting for spatial error correlation, respectively.
The values are shown for the different levels of spatial disaggregation that occur in this
study: 2 × 1, 3 × 1, 2 × 2, and 3 × 2 cells.
Disaggregation level
ffiffiffiffiffi
nd
p
σR,SMf/σR,SMc
2 × 1 1.414 1.203
3 × 1 1.732 1.365
2 × 2 2.000 1.427
3 × 2 2.450 1.607
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Correspondingly, the observation error was characterized by:
σR;TB ¼ aTB þ bTBPixel Radiometric Accuracy; ð12Þ
where aTB (K) accounts for the representativeness error and bTB (−)
is a parameter to account for the radiometric accuracy of the SMOS
instrument. The value of bTB was set to 1 in order to comply with the
provided radiometric accuracy in the SMOS product, characterized by
a spatio-temporal average of 4 K across incidence angles and polariza-
tions over the basin. The representativeness error aTB was tailored to
the corresponding error in the coarse-scale SM product (Eq. (10)), i.e.
0.02 m 3/m 3. As revealed by a sensitivity analysis with CMEM, the
error of 0.02 m 3/m 3 corresponds to an error of 5 K for H-polarization,
and 3.5 K for V-polarization, for relatively short vegetation (i.e. LAI of
approximately 1) and surface conditions encountered in the Murray
Darling Basin. Based on the specified set of parameter values, the
spatio-temporal average of the observation error equals 9.0 K for H-
polarization and 7.5 K for V-polarization. Note that the description of
the TB observation error in this study does not take into account the
error correlations between observations at different incidence angles
and polarizations. Neglecting such correlations might cause stronger
peaks in the updates. Hence, the error characterization may still be im-
proved by assessing angular-dependent observation errors, while ac-
counting for their correlations. However, such optimization is outside
the scope of this study.
Subsequently, the coarse- and fine-scale SM observation errors
and TB observation errors calculated by Eqs. (10) to (12) were rescaled
to comply with the bias-correction through CDF-matching. Therefore,
the observation error standard deviation σR⁎ is rescaled according to
the standard deviations of the simulations σsim and observations σobs
as follows:
σR ¼
σ sim
σobs
σR: ð13Þ
Importantly, it should be remarked that the characterized forecast
and observation errors in this study provide only first guess recommen-
dations, which have not been optimized with respect to the perfor-
mance of the assimilation. A thorough optimization and balancing of
the different model and observation errors is beyond the scope of this
paper.
3. Results
3.1. Open loop simulations
Open loop simulations (without data assimilation) in an ensemble
mode, with 32 stochastic realizations, were performed for the period
2010–2011. Fig. 2 compares the ensemble mean SM simulations with
various SMOS products, in terms of the root mean square difference
RMSD and correlation R. The RMSD was generally below 0.05 m 3/m 3,
except for the center region where differences reached more than
0.1m 3/m 3. This larger error was caused by themodel being significant-
ly drier than the observations for the period from March to June 2011.
However, no specific reasons for this anomaly could be identified. Over-
all, similar RMSD values were obtained at the fine and coarse scale. In
contrast, the correlation was generally lower at the fine scale, particu-
larly in the southern portion of the basin. The reason therefore may be
twofold: (1) the analysis at coarser scale may have smoothed out part
of the errors through which a better correspondence was obtained,
and (2) the number of data points (in particular during wet conditions)
was lower for thefine-scale product as downscalingwas omitted during
cloud cover and precipitation. The latter is evidenced by the cross-
masked (SMc,m) data set, which revealed a similar reduction in R com-
pared to SMf.sture and brightness temperature products into a land surface model,
5.10.033
Fig. 2. The root mean square difference (RMSD, m 3/m 3) and correlation (R) between simulations and observations of coarse-scale SM (SMc), cross-masked coarse-scale SM (SMc,m) and
fine-scale SM (SMf).
7H. Lievens et al. / Remote Sensing of Environment xxx (2015) xxx–xxxFig. 3 analogously compares the ascending TB simulations at 17.5 ∘ and
52.5 ∘. The RMSD ranged between close to 0 and 30 K, with relatively
higher values for H-polarization. Furthermore, the RMSD slightly in-
creasedwith incidence angle in case of H-polarization,whereas the oppo-
site is true for V-polarization, aswas previously observed in (Lievens et al.,
2015a). The TB time series were generally characterized by higher corre-
lations as compared to SM, which may partly be due to the more
expressed seasonality of TB, dominated by temperature and vegetationPlease cite this article as: Lievens, H., et al., Assimilation of SMOS soil moi
Remote Sensing of Environment (2015), http://dx.doi.org/10.1016/j.rse.201variations. In line with the RMSD, higher correlations were obtained for
lower angles atH-polarization andhigher angles at V-polarization. Gener-
ally, similar spatial patterns were observed for the SM and TB metrics.
3.2. Soil moisture analysis
The assimilation of various SMOS products was examined
(Section 2.2), including: (1) level 3 coarse-scale soil moisture (SMc),sture and brightness temperature products into a land surface model,
5.10.033
Fig. 3. The rootmean square difference (RMSD,m 3/m 3) and correlation (R) between simulations and observations of H-polarized TB at 22.5 ∘ (TB 22.5∘ ,H) and 52.5 ∘ (TB 52.5∘ ,H), and
V-polarized TB at 22.5 ∘ (TB 22.5∘ ,V) and 52.5 ∘ (TB 52.5∘ ,V).
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soil moisture (SMc,m), (4) H-polarized brightness temperatures at ap-
proximately 42.5 ∘ incidence angle (TB 42.5∘ ,H), (5) H- and V-polarized
brightness temperature at 42.5 ∘ incidence angle (TB 42.5∘ ,HV), and
(6) H- and V-polarized brightness temperatures at a range
(17.5–52.5 ∘) of incidence angles (TB Θ ,HV). The DA improvements were
assessed by comparing the simulations to hourly in situ soil
moisture observations from OzNet, available for 21 model grid cells.
The performance was expressed by the bias (simulations or SMOS
observationsminus in situmeasurements,m 3/m 3), the correlation coef-
ficient (R), the root mean square difference (RMSD, m 3/m 3) and the
assimilation efficiency (EFF, %) (Aubert, Loumagne, and Oudin, 2003),
(Brocca et al., 2010), (Brocca et al., 2012):
EFF ¼ 100 1−
X
k
XsimDA kð Þ−Xobs kð Þ
	 
2
X
k
XsimOL kð Þ−Xobs kð Þ
	 
2
2
4
3
5; ð14Þ
where k is the time, Xobs the observed quantity, and XsimOL and XsimDA the
simulated quantities without (open loop, OL) and with DA, respectively.
Efficiencies larger than zero signify the assimilation is improving the
model performance; a value of 100 implies a perfect prediction. It is
important to note that the validation with point-scale in situ measure-
ments assumes that the latter are representative of the coarser-scale
model grid cells, which is an invalid assumption. Hence, the results
should be interpreted with caution. To partly decrease the impact of dif-
ferences in representativeness, the validation metrics (except the bias)
were calculated after the simulations were rescaled to the climatology
of the in situ measurements through CDF-matching. As a consequence
of this rescaling, the validation focuses on relative rather than absolute
differences in soil moisture. Finally, the 95% confidence intervals (CI)
for the different metrics were calculated and averaged across the assim-
ilation experiments as in (De Lannoy & Reichle, in review). The CIs ac-
count for the temporal autocorrelation in the soil moisture time series
by reducing the degrees of freedom(effective sample size). Nevertheless,
the CIs are only indicative, because the spatial autocorrelation between
the sites is not accounted for, and the statistical distributions (i.e. χ2) as-
sociated with the statistical tests for the metrics are only an approxima-
tion of the true distributions.
Table 2 lists the performance metrics for the different experiments,
averaged over the 21 validation cells. First, it compares the level 3
SMOS soil moisture retrievals to the in situ measurements. Note that
for comparison to SMOS the hourly in situ data were cross-masked
with the retrievals, decreasing the average number of data points per
validation grid cell n to 369 instead of 10,604 for the 2010–2011 period.
Notwithstanding a small dry bias (−0.019 m 3/m 3), the retrievals
showed a strong correspondence with the in situ measurements, as in-
dicated by the high correlation (0.726) and low RMSD (0.045 m 3/m 3).
Compared to the SMOS retrievals, the VIC open loop simulations
showed a lower correspondence with the in situ data, characterizedTable 2
The performance metrics, i.e. bias (m 3/m 3), correlation (R), root mean square difference
(RMSD, m 3/m 3), and efficiency (EFF, %), for the hourly soil moisture simulations in com-
parison to in situmeasurements of OzNet, averaged over all 21model grid cells, for the pe-
riod of 2010–2011. n denotes the average number of data pairs in the time series records.
SM record n Bias R RMSD EFF
SMOS 369 −0.019 0.726 0.045 −
Open loop 10,604 −0.027 0.564 0.058 0
DA-SMc 10,604 −0.031 0.690 0.049 27.4
DA-SMc,m 10,604 −0.031 0.643 0.052 17.1
DA-SMf 10,604 −0.032 0.647 0.052 17.9
DA-TB 42.5∘ ,H 10,604 −0.037 0.677 0.049 24.5
DA-TB 42.5∘ ,HV 10,604 −0.036 0.667 0.050 22.8
DA-TB Θ ,HV 10,604 −0.030 0.628 0.053 14.1
CI 0.003 0.039 0.003 1.1
Please cite this article as: Lievens, H., et al., Assimilation of SMOS soil moi
Remote Sensing of Environment (2015), http://dx.doi.org/10.1016/j.rse.201by a bias of −0.027 m 3/m 3, a correlation of 0.564 and RMSD of
0.058 m 3/m 3.
As revealed by Table 2, the different assimilation experiments all
significantly improved the predictive skill of the model, except for the
bias (see discussion below). Furthermore, the impact clearly depended
on the observation data set. Thereby, the SMc configuration showed
the best performance, as indicated by the largest EFF (27.4%). Use of
the downscaled data (SMf) was less efficient (17.9%). The cross-
masking of the coarse-scale retrievals SMc,m led to a similar perfor-
mance compared to SMf. The assimilation of TB, with an EFF up to
24.5%, approached the accuracy of the coarse-scale assimilation, partic-
ularly if a single configuration (H-polarization and 42.5 ∘ angle) was
used. The performance slightly decreased with the inclusion of V-
polarized observations (EFF = 22.8%), and substantially decreased
with the multi-angular configuration (EFF = 14.1%).
Fig. 4 displays the efficiency of the assimilation experiments in a spa-
tial context over the Murrumbidgee basin. For most configurations, the
EFF tended to be lower for the stations in the east of the basin. This may
be explained by the relatively higher elevation and dominant forest
cover in this area, which are known to decrease the accuracy of SMOS
retrievals. The largest EFF was observed for the stations located in the
central cropland areas. A distinct behavior was noticeable for SMf, e.g.
showing a remarkably larger EFF for the station in the far east of the
basin. This may be explained by an improved correspondence with
the local surface fields through the downscaling. Nevertheless, other
stations, e.g. in the far west, revealed a decrease in performance after
downscaling.
3.3. Streamflow analysis
Unlike the soil moisture simulations, which were evaluated at the
hourly scale, the streamflow simulations were assessed at the daily
time scale to comply with the available gauge measurements. The eval-
uation was based on measurements of 169 gauge stations across the
MurrayDarling Basin. The calculated performancemetricswere the cor-
relation coefficient (R), the normalized root mean square difference
(nRMSD), the Nash–Sutcliffe efficiency (NSE) and the assimilation effi-
ciency (EFF), including their respective confidence intervals based on
the χ2-distribution. Note that the nRMSD, i.e. the RMSD normalized by
the standard deviation of the observations (σobs), was used to account
for differences between the scales of the sub-basins.
Table 3 summarizes the performances of the OL and DA experi-
ments, averaged over the 169 gauge stations. A moderate performance
of the open loop was found in simulating the streamflow behavior
over the basin. For a thorough discussion on the performance of the
open loop, we refer to (Lievens et al., 2015b). In contrast with the SM
analysis, which showed significant improvements for all assimilation
experiments, only minor impacts were observed for the streamflow
analysis. The EFF ranged between 1.5% for the assimilation of SMc and
−2.7% for the assimilation of TB 42.5∘ ,H.
Finally, Fig. 5 shows the spatial distribution of EFF for the assimila-
tion of SMc over the Murray Darling Basin. An EFF up to 40% was still
reached for some of the stations. However, a large number of stations
revealed EFF-values close to zero, or even negative values down to
−30%. Hence, largely different results were obtained depending on
the station. However, there was no clear spatial clustering of the results,
indicating that assimilation impacts were not clearly linked to regional
conditions, such as land cover or basin characteristics.
4. Discussion
The experiments indicated that the assimilation systemwas best de-
signed to use SMc observations. The assimilation of SMc clearly im-
proved the predictive skill of the soil moisture simulations, whereas
minor improvements could be observed for the streamflow simulations
of several stations. As explained in (Lievens et al., 2015b), the impact onsture and brightness temperature products into a land surface model,
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Fig. 4. The spatial distribution of the assimilation efficiency (EFF, %) over the 21 soil mois-
ture validation grid cells in the Murrumbidgee sub-basin for the different assimilation
scenarios.
Table 3
The performance metrics, i.e. correlation (R), normalized root mean square difference
(nRMSD), Nash-Sutcliffe efficiency (NSE), and efficiency (EFF, %), for the daily streamflow
simulations in comparison to gauge measurements, averaged over all 169 stations, for the
period of 2010–2011. n denotes the average number of data pairs in the time series
records.
Streamflow record n R nRMSD NSE EFF
Open loop 568 0.607 0.813 0.292 0
DA-SMc 568 0.625 0.801 0.305 1.5
DA-SMc,m 568 0.613 0.810 0.296 0.5
DA-SMf 568 0.615 0.810 0.290 0.0
DA-TB 42.5∘ ,H 568 0.588 0.825 0.273 −2.7
DA-TB 42.5∘ ,HV 568 0.597 0.820 0.277 −1.9
DA-TB Θ ,HV 568 0.607 0.814 0.289 −0.7
CI 0.006 0.007 0.003 0.04
Fig. 5. The spatial distribution of the assimilation efficiency (EFF, %) over the 169 stream
gauge stations in the Murray Darling Basin for the coarse-scale soil moisture (SMc) assim-
ilation scenario.
10 H. Lievens et al. / Remote Sensing of Environment xxx (2015) xxx–xxxstreamflow simulation may only be minor, partly due to the bias-
correction of the assimilated observations through CDF-matching. The
latter adequately restricts the impact of the assimilation to the correc-
tion of random errors in the soil moisture simulations. However, the
impact of these random corrections on the simulated streamflow
volumemay be very limited, particularly when the threshold soil mois-
ture level to start runoff generation is either not reached or sufficiently
exceeded. Therefore, the streamflow simulations may generally show a
larger sensitivity to precipitation than to antecedent soil moisture
conditions. The relatively lower impact on streamflow simulations
may also be attributed to the location of the stream gauge stations. Un-
like the soil moisture stations, a vast amount of stream gauge stations is
located in the eastern part of the basin, dominated by forest areas andPlease cite this article as: Lievens, H., et al., Assimilation of SMOS soil moi
Remote Sensing of Environment (2015), http://dx.doi.org/10.1016/j.rse.201mountainous areas of the Great Dividing Range. In these areas, SMOS
observations are more uncertain and often screened out due to frozen
soil or snow conditions, limiting their impact in data assimilation exper-
iments. Given the different station locations and associated conditions,
care should be takenwhen directly comparing the impacts of the assim-
ilation at soil moisture and streamflow levels.
The assimilation of SMf showed less encouraging results. This
is likely not related to the quality of the soil moisture product, as
(Merlin et al., 2012) and (Malbéteau et al., in review) have shown the
better agreement of the downscaled data as opposed to the coarse-
scale retrievals with respect to in situ measurements over Australia.
Instead, the decreased assimilation performance may be related to the
sparser observations during cloudy conditions. While the average num-
ber of observations for 2010–2011 over the 21 validation cells equaled
369 for the coarse-scale data, only 188 observations (~50%) were pro-
vided in the downscaled data. Hence, the model system received less
corrections to missed forcing events. This was demonstrated by the
comparison with SMc,m. The assimilation of coarse-scale observations,
cross-masked with the SMf data, also decreased the performance of
the simulations compared to the SMc assimilation. Note that the impact
of data gaps induced by cloud cover may be particularly relevant forsture and brightness temperature products into a land surface model,
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with precipitation events. In this context, it is worth mentioning that
new downscaling approaches circumventing issues with cloud cover
are currently being developed (Piles, Pou, Camps, and Vall-llossera,
2015). Another limitation of the downscaling algorithm is the decrease
in performance under atmospheric conditions with lower evaporative
demand (Malbéteau et al., in review).
The assimilation of TB at H-polarization and 42.5 ∘ (TB 42.5∘ ,H) im-
proved the SM simulations in a similar way as SMc, with only a minor
decrease in efficiency (from 27.4 to 24.5%). However, the TB assimila-
tion introduced a larger dry bias in the model forecasts, as shown in
Table 2. This may possibly be caused by the simultaneous updating of
the soil moisture and temperature profiles. More specifically, a TB ob-
servation which is relatively cooler than the a priori forecast simulation
can increase the posterior SM forecast, while reducing the soil temper-
ature forecast state. The lower soil temperature could result in a lower
sensible heat flux, through which more energy can be transferred to
the latent heat flux, i.e. evaporation. As such, the temperature update
may have a negative feedback on the updating of SM, as water is more
rapidly lost by evaporation. This may be particularly true under semi-
arid conditions. As a result, there may be a shorter memory associated
with updates towards wet conditions, losing water more quickly
through evaporation, which can introduce dry bias in the forecast sim-
ulations. While the impact of the dry bias was found to be limited
with respect to the performance of the SM simulations, itmay potential-
ly reduce the predictive skill of the associated streamflow simulations.
As shown in Table 3, the TB 42.5∘ ,H assimilation decreased the perfor-
mance with regard to the open loop, with an efficiency of−2.7%.
Assimilating additional V-polarized and multi-angular TB observa-
tions did not improve the soil moisture simulations. On the contrary, a
slight decrease in predictive skill was observed for TB 42.5∘ ,HV (EFF =
22.8%), whereas a large decrease was found for TB Θ ,HV (EFF = 14.1%).
The main reason is likely due to contradictory innovations. For a given
time step, specific sub-sets of polarizations and angles may correspond
with positive innovations, whereas others may show negative innova-
tions. This is supported by Fig. 6, showing the fractional reduction (in
%) of the mean absolute difference (MAD) between TB observations
and simulations for TB Θ ,HV versus the MAD between TB observations
and simulations for TB 42.5∘ ,H. The MAD, which can be seen as a proxy
of the mean absolute innovation, reduced by 10–50% when calculatedFig. 6. The reduction (%) inmean absolute difference (MAD) between simulations and ob-
servations of TB for the multi-angular/polarization configuration (TB Θ,HV) relative to the
H-polarized and 42.5 ∘ configuration (TB 42.5∘,H).
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tion obviously decreased the impact of the assimilation. Several other
aspects may have further contributed to the decreased performance of
TB Θ ,HV. First, the TB observations were strongly correlated between an-
gles and polarizations (e.g. R N 0.9 between time series of TB 17.5∘ ,H and
TB 52.5∘ ,V). Hence, addingpolarizations and angles does not addmuch in-
formation to the system. Second, the number of observations decreased
for outer angles, reducing the number of updates accordingly.While the
basin-averaged number of observations over the 2010–2011 time peri-
od equaled 305 for 42.5 ∘, it reduced to 105 for 17.5 ∘, and 164 for 52.5 ∘.
Finally, the SM-TB sensitivity decreases for larger incidence angles due
to a lower vegetation transmissivity, whichmay decrease the usefulness
of this data.
Finally, the different performances of the SM and TB configurations
may be affected by the vegetation characterization. More specifically,
the model framework used climatological LAI, meaning that the same
monthly LAI values were used over consecutive years. If the vegetation
was relatively better developed for a specific month or year, the use of
climatological LAI may have caused a bias in TB. Such biases are partly
mitigated in the assimilation of SM, as the retrieval approach for
SMOS simultaneously optimizes SM and vegetation optical depth in
the cost function (Kerr et al., 2012). Furthermore, different perfor-
mances may be due to unbalanced model and observation errors for
SM and TB assimilation, respectively. The observation error quantifica-
tion, in particular for TB, could be improved for instance by optimizing
angle-dependent errors and by accounting for error correlations be-
tween the multi-angular/polarization observations. Differences in
assimilation performances may also be introduced through the bias-
correction. The bias-correction of TB is more expensive compared to
SM, given the contributions of soil moisture, temperature and vegeta-
tion to daily, seasonal and inter-annual variability. The larger variability
may decrease the usefulness of the CDF-matching approach applied in
this study, andmay require for a specific bias-correction at the anomaly
level. However, an appropriate characterization or subtraction of the TB
seasonality would require the assembly of longer data records. Finally,
given the large number of aspects that influence the results of an assim-
ilation system, the performance comparison in this study between sys-
tems that use different observation products should be considered with
care. A different performance may be assessed after the advanced opti-
mization of a specific system.
5. Conclusions
This study investigated the potential of assimilating SMOS observa-
tions to improve hydrologic simulations by VIC. The assimilated
observations distinguished between soil moisture retrievals, either
coarse-scaled or downscaled, and brightness temperatures, either in
multi-angular/polarization configuration or sub-set configuration. The
improvements were assessed by comparison to a large amount of in
situ data. Simulations of hourly soil moisture content were validated
with measurements of 49 stations (distributed over 21 model grid
cells) within the OzNet in situ network in the Murrumbidgee sub-
basin, whereas daily simulations of streamflow were validated with
measurements of 169 gauge stations across the Murray Darling Basin.
With regard to soil moisture simulation, each observation type im-
proved the predictive skill after assimilation. The largest improvements
were observed with coarse-scale soil moisture data. The a priori down-
scaling of SM to themodel resolution based on thermalMODIS datawas
not beneficial to the assimilation. Hampered by cloud cover, the down-
scaled data had a large number of gaps which reduced the assimilation
efficiency. Brightness temperature assimilation showed to bemainly fa-
vorable when restricted to the single 42.5 ∘-incidence angle and H-
polarization. For this specific configuration, improvements approached
those of the coarse-scale SM assimilation. However, a small dry bias in
soil moisture was introduced that could mainly be related to feedbacks
of the associated soil temperature updates. Adding V-polarized andsture and brightness temperature products into a land surface model,
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the form of opposing innovations, and consequently narrowed the as-
similation results to the open loop.
The improvements in streamflow prediction were less obviously
marked. Whereas a minor positive impact was still observed for soil
moisture assimilation, the use of brightness temperatures slightly
decreased the overall performance of the simulations. The limited im-
pact of the soil moisture assimilation may be attributed to the bias-
correction through CDF-matching, limiting the assimilation to correct
for random errors only. The correction of random soil moisture errors
may not always translate to commensurate corrections in streamflow
simulation, as streamflow only shows a clear sensitivity to antecedent
soil moisture conditions in the proximity of the threshold to initiate
runoff generation. For other conditions, streamflow simulations are
mainly sensitive to precipitation. As argued previously, the decrease in
performance associated with the TB assimilation may be caused by the
increased dry model bias.
Finally, it should be remarked that the optimality of the assimilation
scenarios depends to a large extent on the characterization of themodel
and observation errors, and the selected method for bias-correction.
Both aspects clearly require further research. The model and observa-
tion errors used in this study were not specifically optimized with re-
spect to performance of each of the assimilation scenarios. Instead, the
error contributions were estimated and balanced based on physical ap-
proximations. Therefore, a different evaluation could be obtained after
rigorous optimization. The bias-correction of TBmay requiremore elab-
orated methods which account for the increased variability over time
due to contributions of temperature and vegetation, verified over longer
data records. In this context, a major science challenge lies in the devel-
opment of techniques that mitigate biases in TB while procuring unbi-
ased estimates of soil moisture and associated water fluxes.Acknowledgment
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